Abstract-Robust and automatic segmentation of the reflected laser lines from the arc light modified background is prerequisite for the subsequent measurement of the weld pool shape which is of great importance for monitoring robotic arc welding. In this paper, the two dimensional intensity distribution caused by the arc light in the captured image is modeled. Based on the model, we propose an efficient and effective method that comprises three parts: (1), spline enhancement to achieve sub-pixel accuracy; (2), a gradient detection filter to eliminate the uneven background; (3), an effective threshold selection method. Experimental results verified that the proposed method is significantly superior to other state of art methods in segmentation accuracy.
INTRODUCTION
Segmentation is fundamental and challenging in intelligent video systems. The most effective methods are usually heuristic and proposed based on the characteristics of the captured image sequences. In this paper, novel methods are developed to segment the fuzzy laser lines reflected from the weld pool, which is generated by welding processes with complex welding phenomena.
The observation and measurement of the weld pool shape thus plays a fundamental role in understanding the complex welding processes and data obtained can also help validate and improve the accuracy for numerical models that have been the major ways to gain insight into the complex welding processes. In the past decades, a lot of research [1] - [7] has been conducted to measure its shape. In [1] and [2] , radiography is used to sense the weld pool by the phenomenon that the radiation of the received x-ray increases with the depression depth of the weld pool. In [3] , stereo vision method is first used in an effort to measure the 3D shape of the weld pool. However, it lacks accuracy due to the errors caused by finding corresponding points in the two images which has remained a challenging problem in stereo vision. In [4] and [5] , the authors make use of the strong penetrability of laser to reduce the arc light effect and utilize the specularity of the weld pool. The dot pattern laser rays are projected onto the specular weld pool and reflected onto the imaging plane. [4] estimated the weld pool shape based on the slope while [5] computes the weld pool shape with closed form solution. In [6] , grating image instead of laser dots was used to estimate the weld pool shape. In [7] , the authors made use of the thermal emission to estimate the weld pool shape. Among all these state of art methods, only [5] yields a closed form solution and achieves accurate measurement of gas tungsten arc welding (GTAW) weld pool shape. The vision system developed in this paper can be extended to achieve accurate measurement of gas metal arc welding (GMAW) weld pool shape with closed form solution as [5] . Thus, accurate segmentation of the reflected laser lines from the arc light modified background becomes essential for the subsequent measurement.
For GMAW, the transfer of the droplets into the weld pool makes the weld pool surface highly dynamic and fluctuating. The position and geometry of the local specular surface which intercepts and reflects the projected laser changes rapidly, which causes the reflected rays to change their trajectories rapidly. Consequently, the contrast of laser reflection with the background is much reduced and the noise becomes prevalent. In comparison with, GMAW, GTAW has a much more stable weld pool. Thus the dot pattern is used in [4] and [5] and still enough dots could be reflected onto the imaging plane for weld pool shape measurement. On the contrary, GMAW weld pool is much unstable and would reflect most of the dots out of the scope of the imaging plane. It is also difficult to determine the relative positions for the limited number of dots captured by the imaging plane. Consequently, the line pattern instead of dot pattern is required for GMAW weld pool measurement. This paper develops a vision system with line pattern and proposes a robust method to extract the reflected laser lines on-line for robotic gas metal arc welding.
To come up with the most effective solution, the model of intensity distribution of the laser lines and the arc light background in the captured image by the vision system is formulated. To achieve the sub-pixel accuracy for the fuzzy image and low-resolution images, a two dimensional spline function is fitted to the fuzzy image. From the image intensity distribution model, a gradient feature detection method is proposed to segment line shape objects with known sizes from uneven background. Finally, the feature image is segmented by a global threshold selection method. To compare with the proposed method, we evaluated the state of art methods in segmenting the fuzzy laser lines. Experimental results of segmenting the fuzzy laser lines in this specific application verified that the proposed method is significantly superior to state of art methods. This paper is organized as follows. Section 2 analyzes the captured images and a Gaussian filter is introduced to eliminate the prevalent noise. In addition, the mathematical model of the intensity distribution is derived based on physical laws. In section 3, state of art methods are evaluated. In section 4, an effective method is proposed to segment the fuzzy laser lines and it includes three parts: (1), spline enhancement to achieve sub-pixel accuracy; (2), a gradient detection filter to eliminate the uneven background; (3), an effective threshold selection method. Experimental results and discussion are given in section 5. Section 6 concludes the paper. Fig. 1 (a) shows the captured image which is only affected by the arc light and the laser lines are not reflected onto them yet. Fig. 1 (b) shows the captured image with the combined effect from both arc light and reflected laser lines. From Fig. 1 (a) , it is seen that the image has a very poor quality which is partly caused by the imperfect imaging plane and partly caused by the unstable arc light source. Besides the prevalent noise, the imperfect imaging plane also causes the line shape artifacts along the column direction. The unstable arc light is determined by the welding current and changes periodically. Consequently, it makes the image fuzzy. To analyze what kind of noise it is, we plot the 2D intensity distribution of the two example images and show the results in Fig. 2 (a) and (b) respectively. The noise appears to be Gaussian distributed. Hence, a Gaussian weighted kernel moving filter was ideal for the removal of this kind of noise [8] . The Gaussian kernel is formulated below:
II. IMAGE ANALYSIS
where ߤ ௫ and ߤ ௬ are the pixel value of the kernel center. ı is the standard deviation of the kernel. In (a), the center of the arc light distribution on the image becomes obvious and another two peak areas are line shape artifacts caused by the imperfect imaging plane. The artifacts will affect the final processing results and should be avoided in the subsequent segmentation process. Fig. 4 (a) and (b) show the filtered images for visual comparison with the images without filtering as shown in Fig. 1 . As can be seen, the image is enhanced greatly and the image contrast becomes much better. Both the laser lines and the artifacts become obvious in the filtered image. However, the laser lines still appear to be fuzzy and needs further enhancement to achieve sub-pixel accuracy. To be precise, we model the intensity distribution of the image mathematically based on the physical laws. The surface brightness ‫ܫ‬ of a specific position ‫‬ on the imaging plane caused by the arc light is modeled by the following equation:
where ܰ ሬ ሬԦ is the surface normal at position ‫.‬ ߙ is the angle between the surface normal and the incident light. ‫ܥ‬ denotes the color value. ‫ݎ‬ is the distance between the arc light center and position ‫.‬ ‫ݒ‬ is the spectral frequency of arc light and ݄ is the planck's constant. ܿ is the speed of the light and ݇ is the boltzmann's constant. ܶ is the temperature of arc light source which is determined by the welding current. Since the welding current is alternating, the temperature ܶ changes accordingly with it from frame to frame in the time domain. However, in the same frame, the temperature ܶ remains the same and can be treated as a constant. To facilitate the modeling, we rewrite Eq. 2 and use one constant to represent all the coefficients that do not change in one frame.
where ‫ܥ‬ is a constant for one frame and varies from frame to frame with the value of ܶ. ݀ is the distance from the arc light center to the diffusive imaging plane. From Eq. 3, it becomes much obvious that the intensity distribution produced by the arc light effect on the captured image is inversely proportional to the ‫ݎ‬ ଷ . Thus, the intensity distribution caused by the arc light can be modeled as:
where ሺ‫ݔ‬ ǡ ‫ݕ‬ ሻ denotes the center of arc light distribution and it may lie outside of the image. Fig. 4 (b) shows the filtered image with intensity caused by both arc light effect and laser line effect. As can be seen, the arc light is modified by the randomly distributed laser line and the intensity distribution can be modeled as:
݂ሺ‫ݔ‬ǡ ‫ݕ‬ሻ ൌ ݈ሺ‫ݔ‬ǡ ‫ݕ‬ሻ ܽሺ‫ݔ‬ǡ ‫ݕ‬ሻ ሺͷሻ where ݈ሺ‫ݔ‬ǡ ‫ݕ‬ሻ denotes the intensity distribution of the laser line and it is formulated as:
where denotes the laser line area, ‫‬ is a constant which is higher than average arc light value. ߤሺ‫ݔ‬ǡ ‫ݕ‬ሻ is the membership function that represents the fuzziness of the image.
Combining Eqs. 4-6, we get the model of the intensity distribution for the image with reflected laser lines.
ሺሻ
From the above model, we see that the fuzziness caused by ߤሺ‫ݔ‬ǡ ‫ݕ‬ሻ should be reduced effectively to obtain high segmentation accuracy. However, the moving average filter can only reduce the Gaussian noise instead of the fuzziness. Thus, new enhancement method is required. In addition, the image background is distributed unevenly and its effect should be eliminated or reduced. Hence, several state-of-art methods that were claimed to be able to segment objects from uneven background are evaluated in the following section.
III. EVALUATION OF STATE OF ART METHODS
Hough transform [9] - [11] is famous for its efficiency in detecting straight lines. Though its computation complexity increases tremendously for the curved lines, which limits its applications greatly especially in on-line application, its feasibility in identification of the fuzzy laser lines is still tested from the detected edge images as shown in Fig. 5 (a) and (b). As can be seen, two edges are detected for one laser line. There are many clutter edges for Canny results while there are many edges missing for the Sobel results. Consequently, Hough transform also will not work well for this kind of fuzzy images.
Graph cuts methods [12] [13] had been proposed to segment complex images. Based on its definition, it was suitable for segmenting object from uneven background. Thus, the N-cut method is applied to segment the laser lines shown in Fig. 4 (b) and the result is shown in Fig. 6 . It is seen that the segmentation result is not meaningful. Fig. 7 shows the segmentation results by GLCM method. In Fig. 7 (a) , some line shape artifacts are also segmented undesirably besides most parts of the laser lines. In Fig. 7  (b) , there are almost no artifacts in the segmentation result. Thus, the selection of the angle for GLCM is critical and should be based on the characteristics of the image. The segmentation result verified that GLCM method is superior to graph cuts methods or other state of art methods in segmenting the fuzzy laser lines from the uneven background. However, the segmented laser lines are desultory instead of continuous, which will reduce the accuracy of the subsequent clustering and recognition. The second order GLCM computes the frequencies of a certain combination of two neighboring pixels determined by their distance and angle. This combination reflects the local variation of the image. From the intensity model of the captured image and the plotted distribution in Fig. 2 , it is seen that the intensity distribution of the background varies gradually. Although no global threshold exists for the separation of all the laser lines from the background, the local variation between the laser lines and their neighboring background is relatively large. That is why GLCM can segment the object from the uneven background.
To make use of the local variation directly and efficiently, we design a gradient detection filter to detect the local variation. The gradient is constituted of the size of the gradient ܰ and the direction of the gradient ߠ, which are determined by the object to be segmented. In this study, the optimum size for the gradient of the laser line is equal to laser line's width and the optimum direction of the detected gradient is perpendicular to the laser line's direction. Randon transform is used to detect the optimum direction while the optimum size is determined by the width of the object. The radon transform [15] is formulated as:
where p is slope of a line and Ĳ is its intercept. ݂ሺ‫ݔ‬ǡ ‫ݕ‬ሻ denotes the image. The Sinogram of radon transform is formed by integration of the lines in all directions through the object. For laser line image, the integration gets the greatest value when the direction is along the bright laser line. Accordingly, there will be a peak value in the formed Sinogram along the laser line direction. Similarly, the direction of the laser line can be determined by the peak value in the Sinogram. Fig.8 (a) shows a 13×13 kernel with a laser line in the diagonal direction. Its Sinogram is shown in (b). The maximum value is 186.09 and it occurs at the position (12, 58) . Thus the angle of the laser line in the kernel is 58 degree.
The gradient detection filter is formulated as:
where ܰ equals the width of the object and determines the size of the kernel. ݇ is a constant. ݂ and ݃ are two weighting functions. ߠ is orthogonal to the line direction.
To deal with the fuzziness ߤሺ‫ݔ‬ǡ ‫ݕ‬ሻ of the image and achieve sub-pixel accuracy [16] - [19] , we fit a two dimensional spline [20] [21] function ݂ሺ‫ݔ‬ǡ ‫ݕ‬ሻ to the smoothed image ‫ܫ‬ሺ‫ݔ‬ǡ ‫ݕ‬ሻ by minimizing the following energy function.
After the gradients are detected on the function݂ሺ‫ݔ‬ǡ ‫ݕ‬ሻ, we binarize the image with a global threshold computed by the following threshold selection method that has been validated in [22] that it is superior to other threshold selection methods described in [23] .
Step 1: arrange the gray-scale values of the enhanced image ݂ሺ‫ݔ‬ǡ ‫ݕ‬ሻ in the interval [1, 255] . Compute the normalized histogram distribution ܲሺ‫ݔ‬ሻ of the ROI:
where ܰ denotes the frequency of the gray-scale ݅ and ܰ denotes the maximum frequency which occurs at ݆ in the intervalሾͳǡʹͷͷሿ.
Step 2: transform ܲሺ‫ݔ‬ሻ by the Discrete Fourier Transform (DFT):
Step 3: choose the low frequency parts and eliminate the high frequency parts by the following equation. Step 5: Compute the slope difference,‫ݏ‬ሺ݅ሻ, at point ݅:
The above discrete function, ‫ݏ‬ሺ݅ሻ can be converted into the continuous slope difference distribution,‫ݏ‬ሺ‫ݔ‬ሻ.Set the derivative of ‫ݏ‬ሺ‫ݔ‬ሻ to zero.
݀‫ݏ‬ሺ‫ݔ‬ሻ

‫ݔ݀‬ ൌ Ͳ ሺʹሻ
Solving the above equation, we get the valleys ܸ Ǣ ݅ ൌ ͳǡ ǥ ǡ ܰ ௩ of the slope difference distribution. We choose the position where the valley ܸ has the maximum absolute value as the threshold point. We show some important intermediate results of the proposed method in Fig. 9for demonstration purpose. Fig. 9 (a) shows the fitted spline function for the smoothed image shown in Fig. 4 (b) . Fig. 9 (b) shows the detected gradient by the proposed gradient feature detection filter. Fig. 9 (c) shows the process of calculating the threshold. The blue line denotes the original histogram distribution and the red line denotes the smoothed histogram probability distribution;
The red brown denotes the slope differences that are originally smaller than zero and are reversed to be greater than zero with a minor sign; The green line denotes the derivatives of the slope differences. The blue circles denote the valleys of the slope differences. As can be seen, the remarkable peak occurs at 23. Thus, the threshold is chosen as 23 for this image. Fig. 9 (d) shows the segmentation result by the threshold 23 with a morphological opening function to eliminate small noise.
V. EXPERIMENTAL RESULTS
To verify the effectiveness of the proposed method, three fuzzy laser line images are segmented for qualitative results in this section and they are shown in Figs. 10-12 (a)-(d). (a) shows the original image. (b) shows the result after spline enhancement and gradient detection. Its segmentation result by threshold selection is shown in (c). (d) shows the segmentation result without spline sub-pixel accuracy for comparison with purpose. As can be seen, the fitting of a spline function to achieve sub-pixel accuracy is critical for the segmentation accuracy for the fuzzy images. In conclusion, the modeling of the intensity distribution of the laser image facilitates the proposition of the effective method to segment the fuzzy laser lines robustly and automatically. The fuzzy image together with the detected edges indicates that Hough transform will not work well in this specific application. Then GLCM transform is tested to segment the laser lines and its results are not satisfactory. Enlightened by the GLCM method, we proposed the gradient detection method which is more robust and efficient in segmenting line shape object with known width size and its orientation can be computed by Randon transform. To achieve the sub-pixel accuracy, we propose to fit a two dimensional spline function to the fuzzy image. Finally, an effective threshold selection method proposed previously is used to segment the detected gradients robustly. Experimental results in this specific application validated that the proposed method is significantly superior to the state of art methods in accuracy.
